Abstract: Investment options of transmission expansion planning (TEP) involve different lead times according to their length, technology, and environmental and social impacts. TEP planners can utilize the various lead times to deal with the risk of uncertainty. This paper proposes a novel framework for TEP under an uncertain environment, which includes investment options with various lead times. A multi-stage model is developed to reflect the different lead times in the planning method. The level of demand uncertainty is represented using a relative standard deviation. Demand uncertainty in the presented multi-stage model and its influence on the optimal decision are studied. The problem is formulated as a mixed integer linear problem to which stochastic programming is applied, and the proposed framework is illustrated from case studies on a modified Garver's six-bus system. The case studies verify the effectiveness of the framework for TEP problems with a mathematically tractable model and demonstrates that the proposed method achieves better performance than other methods when the problems involve investment candidates with various lead times under uncertain conditions.
Introduction
Recently, the increasing integration of new components, such as variable energy resources, energy storage systems, and electric vehicles, has indicated a new direction for temporally managing system resources. Modern power systems are incorporating temporal characteristics of the components in their operation and planning strategies. Accordingly, many research areas regarding temporal characteristics have been actively studied. Primary frequency reserves provided by wind turbines and energy storage systems were studied in Reference [1] , and an optimal control strategy to increase the utilization of wind power curtailment was proposed. The impact of wind energy integration on power systems was investigated in Reference [2] . The power reserve requirements required for wind energy integration were estimated at the regional level. In Reference [3] , the strategic operation of wind power plants was presented to provide energy and flexible ramping products. The optimization problem decides the operation scheduling of wind power generation in a real-time market. A unit commitment (UC) problem including uncertainty of wind power and solar power was studied in Reference [4] . The presented methodology for solving the UC problem was tested on a 24-h UC test system. Similar studies in transmission expansion planning (TEP) have gained less attention, although various transmission investment options have considered different time schedules in their planning. The impact of different lead times on TEP problems is studied in this research. the worst case in a given interval of possible demand values. In Reference [19] , long-term demand uncertainty was modeled by a generalized version of a deterministic peak demand.
To incorporate the various characteristics of uncertainty, stochastic approaches have also been used in planning problems. Long-term uncertainty in demand was represented as a Markov chain to take into account the autocorrelation of demand variation on a planning horizon [20] . The demand uncertainty was modeled to follow a discrete probability distribution, and it was applied to a stochastic dynamic programming for generation investment. In Reference [21] , the authors addressed the forecasting uncertainty of peak loads in generation and transmission planning. The uncertainty was considered using a normal probability distribution with constant values for demand growth and standard deviation. In Reference [22] , scenario construction was applied to take into account long-term demand uncertainty. A chance-constrained programming approach has been introduced to model various uncertain factors in static TEP [23] . The authors modeled demand growth and its uncertainty using normal probability distributions. In Reference [24] , a stochastic dynamic model was used in a real option approach to take long-term uncertainty in load growth into account for generation investment optimization. These stochastic approaches captured diverse characteristics of the long-term demand uncertainty, such as autocorrelation, independency, and the mixture of uncertain sources. However, all the stochastic models above were either used in a static TEP or multi-stage TEP involving a regular interval.
TEP practices also involve the process of evaluating the impact of long-term uncertainty. Under restructured electric market environments, generation expansion planning has become a decentralized planning process where private investors seek to gain profit in electricity markets while TEP remains a centralized process [25] . However, the new environment has changed some aspects of TEP activities. In some power systems, private investors are allowed to propose a plan for transmission reinforcement and expansion for limited applications, although the complete process remains within the overall framework of centralized planning [26] . As the complexity of power systems increases, coordination of planning activities becomes more important. The European network of transmission system operators (ENTSO-e), which aims at achieving a coordinated pan-European approach to electricity system planning, releases their ten-year network development plan (TYNDP) every two years [27] . The TYNDP includes a scenario building process to deal with the risks of long-term uncertainty. PJM, a regional transmission organization in the United States, also follows a scenario planning process in its regional transmission planning [28] . The procedure examines the impact of long-term uncertainty on the reliability of the PJM system.
Considering various transmission investment options and their lead times, there have been various methods proposed to deal with the risk of the long-term uncertainty. An optimal decision of flexible alternating current transmission systems (FACTS) investment in the framework of a TEP problem was studied using a real option approach [29] . In Reference [30] , the authors considered diverse candidates, such as phase-shifting transformers, energy storage, and others as transmission investment options. The periods needed to build the various investment options were included in the study. In Reference [22] , the authors incorporated the duration of transmission construction into the adaptation cost function of a proposed flexible TEP framework. In Reference [31] , coordination of construction periods of transmission lines, FACTS, and generators was investigated. Various investment candidates considered in this research may include high voltage AC transmission line construction as well as other methods for expanding transmission capacity, such as FACTS, high voltage DC, and AC to DC conversion. Technical aspects of these various planning options are not considered. Instead, the proposed TEP framework considers the diverse investment candidates in terms of their transmission capacities and lead times. This paper proposes a novel framework for TEP problems with transmission investment options involving diverse lead times. The various lead times provide the planner with decision choices at different time steps for the network configuration of a target year. A multi-stage model is presented to reflect the advantage of incorporating different lead times in the optimal plan. Long-term uncertainty of peak demand is modeled using the relative standard deviation. The uncertainty model reflects demand variations on the planning horizon, enabling the consideration of uncertainty variation in the decision stages. The demand uncertainty in the proposed multi-stage model and its influence on the optimal decision were studied in the transmission expansion planning problem. The proposed framework is formulated as a mixed integer nonlinear problem. To solve these problems, the nonlinear constraints are replaced by a linear constraint and stochastic programming is applied to the problem. Monte Carlo simulations and sample average approximation are utilized to obtain the deterministic equivalent of the stochastic problem. The main contribution of this paper is presenting a planning framework that reflects different lead times for investment options using a mathematically tractable optimization process.
The remainder of this paper is organized as follows. The proposed approach is described in Section 2. In Section 3, the mathematical formulation and solution methods are explained. Section 4 presents case studies and the discussion. The conclusion is given in Section 5.
Proposed Framework

Multi-Stage Model
In TEP problems, a stage model plays a crucial role because it may reflect time steps of decisions, target years, and lead times. Various stage models are shown in Figure 1 . The model in Figure 1a shows a traditional single stage model used in static planning problems. It has a single decision stage, lead time, and target year. On the other hand, Figure 1b represents an example of a multi-stage model. The model reflects the TEP process, which is conducted on a regular interval assuming that every investment candidate of the transmission planning process has the same lead time for its construction. However, in the real world, investment candidates may have different lead times owing to several reasons, such as the period of construction, the process of gaining right-of-way, the assessment of environmental impact, and the settlement of social issues. The model shown in Figure 1c considers them by setting multiple stages according to the different lead times. In the model, investment decisions take place at multiple stages for the network configuration of a target year. Long-term uncertainty of peak demand is modeled using the relative standard deviation. The uncertainty model reflects demand variations on the planning horizon, enabling the consideration of uncertainty variation in the decision stages. The demand uncertainty in the proposed multi-stage model and its influence on the optimal decision were studied in the transmission expansion planning problem. The proposed framework is formulated as a mixed integer nonlinear problem.
To solve these problems, the nonlinear constraints are replaced by a linear constraint and stochastic programming is applied to the problem. Monte Carlo simulations and sample average approximation are utilized to obtain the deterministic equivalent of the stochastic problem. The main contribution of this paper is presenting a planning framework that reflects different lead times for investment options using a mathematically tractable optimization process. The remainder of this paper is organized as follows. The proposed approach is described in Section 2. In Section 3, the mathematical formulation and solution methods are explained. Section 4 presents case studies and the discussion. The conclusion is given in Section 5.
Proposed Framework
Multi-Stage Model
In TEP problems, a stage model plays a crucial role because it may reflect time steps of decisions, target years, and lead times. Various stage models are shown in Figure 1 . The model in Figure 1a shows a traditional single stage model used in static planning problems. It has a single decision stage, lead time, and target year. On the other hand, Figure 1b represents an example of a multi-stage model. The model reflects the TEP process, which is conducted on a regular interval assuming that every investment candidate of the transmission planning process has the same lead time for its construction. However, in the real world, investment candidates may have different lead times owing to several reasons, such as the period of construction, the process of gaining right-of-way, the assessment of environmental impact, and the settlement of social issues. The model shown in Figure 1c considers them by setting multiple stages according to the different lead times. In the model, investment decisions take place at multiple stages for the network configuration of a target year. The models of both Figure 1b ,c have multiple decision stages. However, the model in Figure 1c is different from the model in Figure 1b in that each investment candidate is considered only at a single stage. In other words, investment candidates with different lead times belong to different decision stages. This model allows the proposed problem to require less computational complexity than dynamic TEP problems with the stage model in Figure 1b , because the complexity of the dynamic decisions is not reflected in the multi-stage model shown in Figure 1c . Therefore, in our work, the model in Figure 1c was used to reflect the different lead times for the proposed framework.
Investment decisions are made at each time step of the multiple stages, so forecasting of peak demand for the target year also takes place at each time step. Transmission network planners need to utilize all the necessary information available at the initial stage where the planning process begins. Although the exact peak demand of the target year forecasted at time steps of the middle stages is not foreknown, the level of forecasting uncertainty may be known at the initial stage because the extent of the uncertainty can be estimated from historical data as a function of forecasting periods.
Demand Uncertainty in Multi-Stage Model
Unlike short-term planning, demand uncertainty in the long-term may be difficult to model owing to a lack of statistical data. However, representing demand uncertainty with non-stochastic models has limitations, particularly in modeling the behavior of uncertainties in multiple stages over a planning horizon. Thus, the demand uncertainty has been modeled with stochastic approaches to incorporate auto-correlated, independent, or stationary characteristics. In this study, the uncertainty of peak demand in long-term planning is formulated by a stochastic approach.
Predicted growth and the uncertainty of peak demand for the forecasting period are given by a random variable following a normal distribution as follows:
Given the current value of demand d 0 at the initial stage, the random variable of the peak demand at the target year also follows a normal distribution.
Here, µ D is equal to d 0 + µ E and σ D = σ E . The two random variables in a single stage model are shown in Figure 2 .
The models of both Figure 1b ,c have multiple decision stages. However, the model in Figure 1c is different from the model in Figure 1b in that each investment candidate is considered only at a single stage. In other words, investment candidates with different lead times belong to different decision stages. This model allows the proposed problem to require less computational complexity than dynamic TEP problems with the stage model in Figure 1b , because the complexity of the dynamic decisions is not reflected in the multi-stage model shown in Figure 1c . Therefore, in our work, the model in Figure 1c was used to reflect the different lead times for the proposed framework.
Given the current value of demand 0 d at the initial stage, the random variable of the peak demand at the target year also follows a normal distribution. To represent the level of the forecasting uncertainty relevant to the expected peak demand, the relative standard deviation (RSD), also known as the coefficient of variation, is considered in percentage form as follows:
RSD is a standardized measure of dispersion of the probability distribution, and the value of RSD for a forecasting period is estimated from historical data. Given the estimated RSD value and the forecasted peak demand, the standard deviation can be calculated by rearranging Equation (3). To represent the level of the forecasting uncertainty relevant to the expected peak demand, the relative standard deviation (RSD), also known as the coefficient of variation, is considered in percentage form as follows:
RSD is a standardized measure of dispersion of the probability distribution, and the value of RSD for a forecasting period is estimated from historical data. Given the estimated RSD value and the forecasted peak demand, the standard deviation can be calculated by rearranging Equation (3). It is important to express the uncertainty as the ratio of the standard deviation to the expected demand rather than using the standard deviation alone because the value of demand may vary to a great extent over the planning horizon. Note that RSD is different from the mean absolute percentage deviation (MAPD), which is commonly used in the real world to represent the forecasting uncertainty in percentage form. For a normal probability distribution, MAPD is related to RSD as follows:
The value of uncertainty is estimated from historical data and can be expressed as a function of the forecasting period.
Equation (5) indicates that the extent of uncertainty depends on the forecasting period, regardless of the year in which forecasting is conducted.
For demand uncertainty in the proposed multi-stage model, a family of random variables for peak demand growth is formulated by the forecasting periods and years of the stages.
In (6), µ y,p represents the expected demand growth from year y for period p and σ y,p indicates the standard deviation. σ y,p is calculated using Equation (3) with the values of RSD p and the forecasted peak demand for the year y + p.
Then, a family of random variables for future peak demand is indexed by years.
An example of a multi-stage model is shown in Figure 3 . Here, D y1 is the peak demand random variable at year y1 forecasted at decision stage 0, and D yt is the peak demand random variable at the target year forecasted at decision stage 1. The two random variables are given by
Note that if the peak demand of the target year is forecasted at the initial stage, the random variable may be different from D yt in Equation (9) owing to the different forecasting periods for the two random variables.
It is important to express the uncertainty as the ratio of the standard deviation to the expected demand rather than using the standard deviation alone because the value of demand may vary to a great extent over the planning horizon. Note that RSD is different from the mean absolute percentage deviation (MAPD), which is commonly used in the real world to represent the forecasting uncertainty in percentage form. For a normal probability distribution, MAPD is related to RSD as follows:
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In (6), Then, a family of random variables for future peak demand is indexed by years.
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An example of a multi-stage model is shown in Figure 3 . Here, 1 y D is the peak demand random variable at year y1 forecasted at decision stage 0, and yt D is the peak demand random variable at the target year forecasted at decision stage 1. The two random variables are given by
Note that if the peak demand of the target year is forecasted at the initial stage, the random variable may be different from yt D in Equation (9) owing to the different forecasting periods for the two random variables. As shown in Figure 3 , the stochastic process D Y involves independent increments; non-overlapping increments D s − D t and D u − D v are independent random variables when s > t and u > v for s, t, u, v ∈ Ω Y . The increments are random variables defined as E Y (p). For non-overlapping forecasting periods, the random variables E Y (p) are independent because their parameters are independently determined. Based on the independent increment property, the values of expected peak demands are forecasted at the initial stage and are assumed to be fixed for the planning horizon. In the presented multi-stage model, there are middle stages where forecasting can be conducted again for the remaining years of the planning horizon, which may lead to newly forecasted peak demands. There is no possible way to foreknow the future forecasted values at the initial stage, but the level of the forecasting uncertainty can be estimated from historical data.
Under this condition, peak demands on the presented multi-stage model are expressed as the sum of a series of independent random variables. The succession of random steps by independent normally distributed random variables is represented as:
where Z is equal to X + Y, and
. Accordingly, the discrete-time stochastic process D y is a collection of random variables following normal distributions at all future stages.
TEP Problems with Multi-Stage Model
The uncertainty of the problem is not concerned with individual investment decisions, but with the optimal solution. In the presented framework, a TEP problem is solved for the network configuration of a target year. Thus, the last decision stage, where the optimal plan for the network configuration is completed, decides the overall uncertainty of the plan.
An example of the multi-stage model in a TEP problem is illustrated in Figure 4 . D p1 yt is the peak demand random variable of the target year forecasted at decision stage 0, whereas D p3 yt is the peak demand random variable of the target year forecasted at decision stage 1. In this problem, investment options are assumed to have a lead time of either p1 or p3. Thus, there are two decision stages. For the sake of simplicity, three assumptions are used; RSD p = k × p; k ∈ R 1 + andp ∈ Ω P , p2 = p3, and µ y0,p1 = µ y0,p2 = µ y1,p3 = 0. values of expected peak demands are forecasted at the initial stage and are assumed to be fixed for the planning horizon. In the presented multi-stage model, there are middle stages where forecasting can be conducted again for the remaining years of the planning horizon, which may lead to newly forecasted peak demands. There is no possible way to foreknow the future forecasted values at the initial stage, but the level of the forecasting uncertainty can be estimated from historical data. Under this condition, peak demands on the presented multi-stage model are expressed as the sum of a series of independent random variables. The succession of random steps by independent normally distributed random variables is represented as:
where Z is equal to X Y + , and
Accordingly, the discrete-time stochastic process y D is a collection of random variables following normal distributions at all future stages.
An example of the multi-stage model in a TEP problem is illustrated in Figure 4 . This problem may face different levels of uncertainty depending on the optimal solution. If the optimal plan of the TEP problem only consists of investment options with lead time p1, then the plan will face the uncertainty of This problem may face different levels of uncertainty depending on the optimal solution. If the optimal plan of the TEP problem only consists of investment options with lead time p1, then the plan will face the uncertainty of D p1 yt . On the other hand, if the optimal plan includes an investment candidate with lead time p3, then the optimal decision will be completed at decision stage 1 and faces the uncertainty of D p3 yt . For each solution, the uncertainty level of the expected peak demand is computed as
Here, σ y0,p2 is equal to σ y1,p3 because the forecasting period of the two stages is assumed to be equal. Because σ y0,p1 is equal to 2σ y0,p2 under the assumption of linearly increasing RSD, then RSD D
. Figure 5 depicts an estimated RSD curve and the RSD value of each solution.
The RSD curve is a function of the forecasting period. Then, the RSD values are calculated based on the curve. Note that the value of RSD D p3 yt depends on both the number of stages and the periods between stages. This method can be easily extended to general cases with varying expected demand growth, multiple stages with different periods, and any RSD curve estimated from historical data.
In the proposed framework, the random variables of peak demand are modeled to follow normal distributions. Other probability distributions where stochastic approaches are applicable can be used in the proposed model. 
RSD
depends on both the number of stages and the periods between stages. This method can be easily extended to general cases with varying expected demand growth, multiple stages with different periods, and any RSD curve estimated from historical data. In the proposed framework, the random variables of peak demand are modeled to follow normal distributions. Other probability distributions where stochastic approaches are applicable can be used in the proposed model. 
Mathematical Formulation and Solution Procedure
Model Formulation
The typical formulation of TEP deterministic problems is given in Reference [32] . The objective is to minimize the sum of investment and load-shedding costs. To consider demand uncertainty, stochastic approaches are needed [5] . Then, the objective function is the sum of the investment cost and the expected load-shedding cost. The proposed framework is a stochastic problem. The formulation is modified to incorporate the proposed multi-stage model as follows:
subject to 
Mathematical Formulation and Solution Procedure
Model Formulation
subject to
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The objective function in Equation (13) represents the sum of annualized investment costs and expected costs of generation and load shedding. The stochastic variable D peak (x l ), which is the peak demand random variable of the target year, represents the uncertainty of the plan. The generation and load-shedding costs are dependent on the realization of the stochastic variable D peak , whose parameters are determined by investment decisions. The objective function can be rewritten as the formulation of a stochastic programming application [33] :
Applying the general stochastic programming method to the problem requires specific parameters for D peak (x).
In Equation (14), the constraint states the power balances at every node. The constraint in Equation (15) (17) and (18), respectively. Equation (19) limits the phase angle between two nodes. Equation (20) means that x l is 1 for existing transmission lines and Equation (21) states that x l is a binary variable for investment candidates.
The mathematical model presented in Equations (13)- (21) is a mixed integer nonlinear problem owing to the constraint in Equation (16) . The constraint can be replaced using a linear disjunctive model [34] :
where M is called a disjunctive parameter. Note that the constraint stated by Equation (23) is equivalent to Equation (16) when x l is equal to 1. Otherwise, the constraint becomes:
In Equation (24) , the disjunctive parameter M must be large enough to avoid forcing a limit on the voltage angle difference between nodes i(l) and j(l). When the value of M is too large, numerical instability may occur. The method for the appropriate selection of the disjunctive parameter is discussed in Reference [35] .
Stochastic Mixed Integer Linear Problem
The formulation in Equations (13)- (21) is a stochastic problem in which the parameters of the stochastic variable D peak are dependent on the decision variable x l . With a fixed set of parameters for the stochastic variable and the linearized constraint in Equation (23), the problem is formulated as a stochastic mixed integer linear problem, as follows:
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In the objective function Equation (25) , the set Ψ
is a subset of Ω L and consists of investment options with lead times longer than or equal to (y t − y k ). The constraint in Equation (34) ensures that at least one investment candidate with lead time (y t − y k ) is built. The uncertainty level of the planning problem is determined at the last decision stage where the network configuration of the target year is completed. Thus, the constraint in Equation (34) ensures a fixed set of parameters for the stochastic variable D peak . The problem in Equations (25)- (34) finds the optimal solution among the investment candidates with lead times longer than or equal to (y t − y k ) under the uncertainty level determined by lead time (y t − y k ). To find the optimal solution of the problem, all sets of parameters for the stochastic variable D peak need to be considered. In the end, the problem in Equations (25)- (34) is repeatedly solved for all periods of lead times. Among the set of investment decisions, the solution with the minimum cost is the optimal plan.
Here, the forecasting period p is equal to (y t − y k ). D peak is a continuous random variable. To solve these problems, the variable must be discretized using Monte Carlo simulations and a sample average approximation. Then, the deterministic approximation of the stochastic problem can be obtained in the optimization model. Although the proposed framework is mathematically tractable, the optimization problem is combinatorial and stochastic. Applying the proposed method to large systems may require additional techniques such as scenario reduction.
Solution Procedure
Figure 6 depicts the procedure followed by the proposed TEP framework. The dotted box shows the process of obtaining parameters µ and σ of the random variables E Y (p) and D Y . Here, the value of RSD can be estimated from historical data, whereas the peak demand growth is forecasted for each year. With the obtained variables and parameters, the problem is formulated as a stochastic mixed integer problem. The solution method (mixed integer linear programming) is applied to the problem after linearization and deterministic approximation. 
Case Studies
To verify the effectiveness of the proposed framework, case studies were conducted on a modified Garver's six-bus system. The original data of Garver's system is given in Reference [36] and more detailed data is given in Reference [32] . This system has been frequently used in TEP studies owing to the system's capability to incorporate the characteristics of TEP problems. The stochastic problem was converted to a deterministic approximation by discretizing the continuous probability distribution representing the uncertainty of the peak demand. Monte Carlo simulations and a sampling average approximation were applied in the approximation. One thousand samples were used for each probability distribution in the sampling process. The parameter a was set as 8760 because annualized costs were used throughout the case studies. Three simulations were implemented on the system to illustrate the proposed TEP framework. The first simulation examined the validity of the proposed framework. The second simulation showed the impact of RSD curve shapes in the proposed framework. The last simulation analyzed how different lead times influence the optimal solution of the proposed framework. The problems were solved in a general algebraic modeling system (GAMS). A computer with a 2.8 GHz processor and 4 GB RAM was used to conduct the simulations, and the average simulation time for the problems was 5 min.
Modified Garver's Six-Bus System
The configuration of Garver's network is shown in Figure 7 . The planning horizon was 10 years. The initial peak demand was 190 MW and annually increased by 4.94%, reaching 500 MW at the target year. The generation, load, and branch data are given in Tables 1 and 2 . The cost functions for the generating units were assumed to be linear, and initially six circuits exist in the system: 1-2, 1-4, 1-5, 2-3, 2-4, and 3-5. The existing six right-of-ways and two more right-of-ways (2-6, 4-6) were considered as new transmission investment candidates. Bus 6 was isolated in the initial configuration. Thus, the construction costs of transmission lines connecting to the bus and the associated construction lead times were assumed to be larger than the others, as shown in Table 2 . 
Case Studies
To verify the effectiveness of the proposed framework, case studies were conducted on a modified Garver's six-bus system. The original data of Garver's system is given in Reference [36] and more detailed data is given in Reference [32] . This system has been frequently used in TEP studies owing to the system's capability to incorporate the characteristics of TEP problems. The stochastic problem was converted to a deterministic approximation by discretizing the continuous probability distribution representing the uncertainty of the peak demand. Monte Carlo simulations and a sampling average approximation were applied in the approximation. One thousand samples were used for each probability distribution in the sampling process. The parameter α was set as 8760 because annualized costs were used throughout the case studies. Three simulations were implemented on the system to illustrate the proposed TEP framework. The first simulation examined the validity of the proposed framework. The second simulation showed the impact of RSD curve shapes in the proposed framework. The last simulation analyzed how different lead times influence the optimal solution of the proposed framework. The problems were solved in a general algebraic modeling system (GAMS). A computer with a 2.8 GHz processor and 4 GB RAM was used to conduct the simulations, and the average simulation time for the problems was 5 min.
Modified Garver's Six-Bus System
Simulation: Validity of the Proposed Framework
In this simulation, the validity of the proposed framework was examined. Three different models were used for the purpose: deterministic (Case 1), a stage model with a single lead time (Case 2), and the presented multi-stage model (Case 3). The first model represented deterministic approaches to solving TEP problems. In the simulation, a typical deterministic formulation was used, as given in Reference [32] . The second model represented conventional stochastic approaches with a single lead time. The last model was a stochastic approach with the proposed multi-stage model, which was capable of reflecting different lead times at different decision stages. The forecasting uncertainty was assumed to annually increase by 1.5%, reaching 15% in the final year of the planning horizon. The objective of each problem was to minimize the total expected cost. The simulation results are shown in Table 3 and Figure 8 . 
In this simulation, the validity of the proposed framework was examined. Three different models were used for the purpose: deterministic (Case 1), a stage model with a single lead time (Case 2), and the presented multi-stage model (Case 3). The first model represented deterministic approaches to solving TEP problems. In the simulation, a typical deterministic formulation was used, as given in Reference [32] . The second model represented conventional stochastic approaches with a single lead time. The last model was a stochastic approach with the proposed multi-stage model, which was capable of reflecting different lead times at different decision stages. The forecasting uncertainty was assumed to annually increase by 1.5%, reaching 15% in the final year of the planning horizon. The objective of each problem was to minimize the total expected cost. The simulation results are shown in Table 3 and Figure 8 . The cheapest generator was located at bus 6. Because bus 6 was isolated in the initial condition, L26 or L46 was/were constructed only when the benefit of cheap generation was greater than the cost of construction and load shedding. Moreover, the two transmission lines had a longer construction lead time than other transmission lines.
In Case 1, the total generation cost was not high enough to justify an investment to connect the cheap generating unit at bus 6. Thus, the optimal solution was to build two circuits in the existing right-of-ways and satisfy all demand with the generating units at buses 1 and 3. Although the investment cost was the least among the three cases, the solution was not prepared for the uncertainty of demand at all. Accordingly, under demand uncertainty, the generation cost was more expensive than in the other cases, which led to the highest total expected cost.
In Case 2, decisions were made only at the initial stage because the model assumed a single lead time for all investment candidates. Thus, the problem faced the forecasting uncertainty of a 10-year period. The optimal solution was to construct three circuits, two of which connected the generating unit at bus 6 to the initial system. The two circuits were more expensive than other solutions, but the relatively large uncertainty in peak demand may have led to a large amount of load shedding without them. The investment cost was the highest while the expected generation cost was the lowest in this case. The total expected cost of Case 2 was higher than that of Case 3 because Case 2 was exposed to a relatively large uncertainty.
In Case 3, the proposed approach was applied. The different lead times of investment candidates enabled the planner to make decisions at two stages: the initial year and the fifth year. The optimal solution was to build three circuits as in Case 2. However, the optimal network configuration was largely different. The optimal solution was completed at the second stage, when it was decided to build L23 and L35. Therefore, the optimal solution was exposed to less uncertainty than in Case 2. Only one circuit connecting the generating unit at bus 6 was built because circuit L46 was sufficient to cover the uncertainty in this case. The total expected cost was also the least in this case, indicating that the proposed approach showed better performance in dealing with the risk of uncertainty. Figure 9 shows an RSD curve estimated from historical data and the calculated RSD values. The value of The cheapest generator was located at bus 6. Because bus 6 was isolated in the initial condition, L 26 or L 46 was/were constructed only when the benefit of cheap generation was greater than the cost of construction and load shedding. Moreover, the two transmission lines had a longer construction lead time than other transmission lines.
In Case 3, the proposed approach was applied. The different lead times of investment candidates enabled the planner to make decisions at two stages: the initial year and the fifth year. The optimal solution was to build three circuits as in Case 2. However, the optimal network configuration was largely different. The optimal solution was completed at the second stage, when it was decided to build L 23 and L 35 . Therefore, the optimal solution was exposed to less uncertainty than in Case 2. Only one circuit connecting the generating unit at bus 6 was built because circuit L 46 was sufficient to cover the uncertainty in this case. The total expected cost was also the least in this case, indicating that the proposed approach showed better performance in dealing with the risk of uncertainty. Figure 9 was 15%. The results of the case studies yielded several implications. First, the proposed approach ensured that transmission network planners face less uncertainty than in conventional stochastic approaches with a single lead time. Second, considering lead times in the planning process may lead to a significant change in the optimal network configuration. This suggests that considering the lead times of investment candidates in the optimization process is important. Third, the case studies imply the importance of the RSD curve estimated from historical data and the lead times of investment candidates. In the simulation, the level of uncertainty was assumed to linearly increase every year. Then the RSD values were calculated based on the RSD curve. In the real world, the RSD curve can take any shape as long as it is an increasing function, and the lead times of investment candidates can be varied. The following simulations show the in-depth study of the proposed approach in terms of RSD curves and lead times. The results of the case studies yielded several implications. First, the proposed approach ensured that transmission network planners face less uncertainty than in conventional stochastic approaches with a single lead time. Second, considering lead times in the planning process may lead to a significant change in the optimal network configuration. This suggests that considering the lead times of investment candidates in the optimization process is important. Third, the case studies imply the importance of the RSD curve estimated from historical data and the lead times of investment candidates. In the simulation, the level of uncertainty was assumed to linearly increase every year. Then the RSD values were calculated based on the RSD curve. In the real world, the RSD curve can take any shape as long as it is an increasing function, and the lead times of investment candidates can be varied. The following simulations show the in-depth study of the proposed approach in terms of RSD curves and lead times. 
Simulation: Various RSD Curve Shapes
In this simulation, the impact of the RSD curve on the optimal solution was studied. Unlike the assumption of a linearly increasing RSD curve in the previous simulation, the uncertainty curve estimated from historical data can be any of various increasing functions in the real world. Three shapes were compared: linear, square root, and quadratic. The proposed approach was applied to all three cases. The curve shapes are shown in Figure 10 , and the simulation results are provided in Table 4 .
Compared to the linear curve, the uncertainty level of the square root curve rapidly increased for the first few years. The level of forecasting uncertainty for a 5-year period was 10.1% and the forecasting uncertainty at the second stage ( ) was 14.3%. Even though the problem of the square root curve had a middle decision stage, the forecasting uncertainty at this stage was so large that the optimal solution was the same as that of the single-stage problem in Case 2. On the other hand, a quadratic RSD curve slowly increased for the first few years. Compared to the linear curve, the value of yt D RSD in the quadratic curve was smaller. Thus, the total expected cost was less than the linear curve, although the optimal solution was the same as for the linear curve. 
Compared to the linear curve, the uncertainty level of the square root curve rapidly increased for the first few years. The level of forecasting uncertainty for a 5-year period was 10.1% and the forecasting uncertainty at the second stage (RSD squar D yt ) was 14.3%. Even though the problem of the square root curve had a middle decision stage, the forecasting uncertainty at this stage was so large that the optimal solution was the same as that of the single-stage problem in Case 2. On the other hand, a quadratic RSD curve slowly increased for the first few years. Compared to the linear curve, the value of RSD D yt in the quadratic curve was smaller. Thus, the total expected cost was less than the linear curve, although the optimal solution was the same as for the linear curve.
The results of this simulation yielded two implications. First, the three cases based on curve types using the proposed method all had a lower RSD D yt than the single stage approach in Case 2. The different lead times of investment candidates offered the planner the opportunity to face less uncertainty in the optimal solution. Second, the shape of the RSD curve estimated from historical data was crucial for assessing uncertainty in the presented multi-stage model. It should be noted that the degree of advantage of having multiple decision stages in the proposed framework was dependent on the shape of the RSD curve. The results of this simulation yielded two implications. First, the three cases based on curve types using the proposed method all had a lower yt D
RSD
than the single stage approach in Case 2.
The different lead times of investment candidates offered the planner the opportunity to face less uncertainty in the optimal solution. Second, the shape of the RSD curve estimated from historical data was crucial for assessing uncertainty in the presented multi-stage model. It should be noted that the degree of advantage of having multiple decision stages in the proposed framework was dependent on the shape of the RSD curve.
Simulation: Various Lead Times
Investment options for transmission planning may possess different characteristics: available technology, length, environmental impact, and right-of-way. These characteristics influence the lead times of the investment candidates. In this simulation, the effects of different lead times on the proposed approach were investigated. A linearly increasing RSD curve was assumed in the problem. Three different scenarios for lead times and the results of the scenarios are shown in Tables 5 and 6 , respectively. 
Investment options for transmission planning may possess different characteristics: available technology, length, environmental impact, and right-of-way. These characteristics influence the lead times of the investment candidates. In this simulation, the effects of different lead times on the proposed approach were investigated. A linearly increasing RSD curve was assumed in the problem. Three different scenarios for lead times and the results of the scenarios are shown in Tables 5  and 6 , respectively. S1 had the shortest lead time for construction of existing transmission lines. However, the level of uncertainty and the total expected cost were the highest among the three scenarios. Although the lead times of the transmission lines were short, the demand at the time step of the last decision stage already included a large uncertainty. Thus, the result indicated that the level of uncertainty depended on not only the periods of the lead times but also on the time steps of the decision stages. S2 and S3 produced the same optimal solution. However, the uncertainty of S2 was slightly higher than that of S3 owing to the time step of the last decision stage. The three scenarios demonstrated that both the lead times of investment candidates and the time steps of decision stages were important in the proposed framework.
Conclusions
In this paper, we proposed a TEP framework with a multi-stage model under an uncertain environment. The framework considered transmission investment options for diverse lead times. In the presented multi-stage model, decision stages were determined by the diverse lead times of planning candidates. The level of uncertainty was represented using a relative standard deviation, and the uncertainty in the multi-stage model was studied. The proposed approach was formulated as a stochastic mixed integer linear problem. Mixed integer linear programming and stochastic programming were used in solving the optimization problem. Simulations were conducted on the modified Garver's six-bus system. The results showed how the investment candidates involving various lead times affected the optimal decision under an uncertain environment. The proposed method achieved better performance than other methods in dealing with the risk of uncertainty. The shape of an RSD curve and the lead times of investment candidates were also shown to play a crucial role for evaluating uncertainty in the multi-stage model. The proposed method was mathematically tractable, but the combinatorial and stochastic problem required additional techniques for its application to large systems. Based on these results, the proposed framework was capable of incorporating any transmission investment options involving the addition of transmission capacity to deal with the risk of uncertainty. Transmission network planners can utilize the framework in the integrated planning of various technologies and lead times.
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